Hydrological drought forecasting is considered a key component in water resources risk management. As sustained meteorological drought may lead to hydrological drought over time, it is conceptually feasible to capitalize on the dependency between the meteorological and hydrological droughts while trying to forecast the latter. As such, copula functions are powerful tools to study the propagation of meteorological droughts into hydrological droughts. In this research, monthly precipitation and discharge time series were used to determine Standardized Precipitation Index (SPI) and Standardized Hydrological Drought Index (SHDI) at different time scales which quantify the state of meteorological and hydrological droughts, respectively. Five Archimedean copula functions were adopted to model the dependence structure between meteorological/hydrological drought indices. The Clayton copula was identified for further investigation based on the p-value. Next, the conditional probability and the matrix of forecasted class transitions were calculated. Results indicated that the next month's SHDI class forecasting is promising with less than 10% error.
INTRODUCTION
Drought is a recurring phenomenon that potentially leads to water shortage in comparison with the average condition in a given period of time. It temporarily affects economy, agriculture, environment, and even domestic water supply in more extreme cases. Thus, a drought early warning system based on a robust drought forecasting scheme is in demand.
There are various drought classifications. Wilhite & Glantz () proposed drought types as meteorological, hydrological, agricultural, and socio-economic. Meteorological drought is defined as insufficient precipitation relative to normal condition (Mishra & Singh ) . Also, hydrological drought is defined as a period of time in which the amount of available water, river discharge or reservoir level is less than the normal condition. Hydrological drought often leads to water scarcity when the water supply fails to meet demands (Dehghani et al. ) . As streamflow has been a major source to supply water for the environment and human needs, hydrological drought forecasting is con- Statistical models are suitable tools to study the dependency structure between meteorological and hydrological droughts. Given this and the probabilistic nature of drought, copula functions are often recommended to simulate the dependency structure. Copulas have been given more attention in hydrology in recent years (Singh & Strupczewski ) . There are a number of reported cases that successfully adopted copulas in drought analysis (e.g., Kao The objective of this study is to propose a novel approach for hydrological drought forecasting using copula functions while taking antecedent meteorological drought as the main predictor. In the case of drought prediction, two approaches are considered: forecasting the index first then convert it into class and forecasting the drought class. Both approaches are suitable for drought class forecasting although both have limitations. Forecasting the drought class transition and determining the matrix of the probability of drought class transition can provide an overview of drought class transition. In the present research, for the first time, the probabilistic forecasting of hydrological drought class change on the basis of meteorological drought is addressed. For this purpose, the widely used Standardized Precipitation Index (SPI) quantifies the meteorological drought, while, similar to the SPI, the Standardized Hydrological Drought Index (SHDI) characterizes the hydrological drought. Archimedean copula is used to forecast SHDI in various aggregation time scales and the matrix of forecasted transition classes is extracted. The remainder of the paper is organized as follows. The section below presents the case study and data sets. Then the methodology of model development is described. The following sections represent the case study and methodology and discuss the results of forecasting and extracting the matrix of the probability of drought class transition. Finally, conclusions of the study are presented.
CASE STUDY AND DATA
Karun Basin is located between 49 30 0 E to 52 00 0 W latitude and 30 00 0 to 32 30 0 N longitude in southwest Iran (Figure 1 ). years) monthly precipitation data where the probability distribution function (PDF) of precipitation is assumed to follow the gamma distribution. The cumulative distribution is then transformed, using equal probability, to a normal distribution with a mean of zero and standard deviation of unity. A given precipitation for a specified time period corresponds to a particular SPI value consistent with the normal probability. Positive SPI values indicate greater than median precipitation, while negative values indicate less than median precipitation. Dehghani et al. () proposed SHDI as a hydrological drought index by replacing precipitation with discharge, singling out the assumption of gamma distribution. First, the best PDF is fitted to the discharge time series at different time scales. Contrary to the SPI, however, the best PDF does not have to be limited to gamma function. Then, the PDF is transformed to an equal probability normal distribution time series with a mean of zero and standard deviation of unity. The SHDI reports hydrological drought/wet status and is relatively easy to compute. The following steps outline the procedure for SPI calculation. The SHDI procedure is similar. Suppose that x represents precipitation time series of a given time scale. Assuming that gamma probability density function is the best fit for monthly precipitation series, we have: 
Copula function
A two-dimensional copula is a function C(x, y) from [0, 1] × [0, 1] to [0, 1] which satisfies the following two properties:
For every u 1 , u 2 , v 1 , v 2 such that 0 u 1 < u 2 1 and
For modeling the bivariate and multivariate distributions, it is necessary to consider both marginals' effect and dependency between the marginals. The copula is able 
If F(x) and G(y) are continuous, then the copula C is unique. From Equation (1), the copula C is given by:
where F À1 (x) and G À1 (y) are quasi-inverses of F(x) and G(y), respectively.
One of the most popular copula types is the Archimedean copula which is utilized for describing the dependency between the random variables and widely as follows:
where the function ϕ θ is called a generator of the copula and ϕ θ :(0, 1] ! [0, ∞) is a mapping which satisfies the following conditions (Genest et al. ):
It is necessary to choose the best copulas which are fitted to the data. For this purpose, a goodness of fit (GOF) test is required that examines whether the unique underlying copula C belongs to the parameter class C ϕ θ of Archimedean copulas (Genest et al. ) . Thus, the null hypothesis is expressed by H 0 : C ∈ C ϕ θ .
Several GOF tests are available; we adopted the one proposed by Genest et al. () . The procedure is as follows:
1. Calculate the Kendall's tau (Kendall correlation coefficient) as:
In an Archimedean copula with generator ϕ θ , this parameter is given by:
2. Estimate the Kendall's tau τ as:
where n is the number of observations and if x i x j and y i y j then the indicator function I(:) ¼ 1 else I(:) ¼ 0.
3. Suppose C be a copula function and let T ¼ C(F(x), G(y)).
Define K(t) as:
For an Archimedean copula with generator ϕ θ , K(t) can be calculated as:
In this study, five Archimedean copulas were used for meteorological/hydrological drought modeling as presented in Table 2. 4. K n (t) as the empirical representation of K(θ, t)is defined as follows:
where V j are pseudo-observations defined by:
5. Genest et al. () proposed two statistics for testing the GOF as follows: (12) can be expanded by a simple mathematical calculation into:
and
Based on these statistics, the null hypothesis may be rejected when the observed value of S n or T n is greater than 100 (1 À α)th percentile of its distribution (critical value). The critical value and p-value for any test statistic may be calculated using the parametric bootstrap method, whose procedure is outlined as follows.
1. Since τ depends on the unknown association parameter θ (τ ¼ g(θ)), using τ n , the copula parameter θ is estimated by θ ¼ g À1 (τ n ).
2. Generate N random samples of size n from copula C θ and determine the value of the test statistics S n and T n for each generated sample. | Families of bivariate Archimedean copulas
Suppose S
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Conditional probability
Due to the lag between meteorological and hydrological droughts, it is possible to forecast the hydrological drought based on history of the meteorological drought. Owing to the probabilistic characteristics of drought and the dependence between hydrological and meteorological droughts, conditional probability may be adopted for hydrological forecasting. For this purpose, SPI and SHDI time series were set up in different time scales. Suppose that SHDI and SPI are denoted by X and Y, respectively. Then, the conditional cumulative distribution function of X given Y ¼ y is
given by:
where f(x) and g(y) are the probability density functions of F(x) and G(y) and c(u, v) is the density of the copula C(u, v). Furthermore, the conditional probability of SHDI class given the SPI in previous time steps may be determined as follows:
where
Now, it is required to assign a marginal distribution to the SPI and SHDI. In this study, six commonly used univariate probability distributions were selected as the candidate marginal distribution ( 
Forecast model development
In order to address the challenge of determining the best meteorological/hydrological drought forecast combination, the correlation coefficients and cross correlation between the SPI and SHDI at different time scales were calculated.
Combinations with the highest correlation value were selected for further analysis. In the next step, for each copula function in Table 2 , the dependence parameter θ under the null hypothesis was estimated by inversion of Kendall's tau; that is, by setting θ ¼ g À1 (τ n ). Then, using parametric bootstrap, 2,000 samples of size n for each copula were generated and the p-value and critical value were computed in order to select the best copula and determine the marginal distributions.
The SHDI forecasting framework is shown in Figure 3 .
RESULTS
In order to extract reliable SPI and SHDI time series, good quality precipitation and discharge time series are needed.
Rigorous quality tests were carried out to guarantee the quality of raw data. Results of SHNT, BT, Durbin-Watson, and
Mann-Kendal tests are presented in Table 4 , according to which, one could claim that the precipitation and discharge time series are homogeneous, serially independent with no trend. After performing the nonparametric tests and filling data gaps, different probability distributions were fitted to the monthly precipitation and discharge time series.
Gamma and log-normal functions were determined to be the best fit for SPI and SHDI, respectively (samples shown in Tables 5 and 6 ). Next, the SPI and SHDI time series were determined for time scales of 3, 6, 9, 12 and 1, 2, 3 months, respectively. Hereafter, for example, SHDI1 stands for SHDI corresponding to one month time scale.
Basin average of SPI was determined using kriging method. It is worth noting that estimated values from equations of SPI and SHDI were used directly and then the predicted values categorized based on the drought intensity for conditional drought forecasting.
The forecasting technique relies on the correlation between the SPI and SHDI in different time scales. High correlation indicates that the antecedent meteorological drought has a significant impact on hydrological drought.
For this purpose, the correlation coefficient and cross correlation between the SPI and SHDI in different time scales were calculated and presented in Table 7 . One may observe that the correlation coefficients between SPI6, SPI9, and SPI12 with SHDI1(t þ 1), SHDI2(t þ 2), and SHDI3(t þ 3)
are very close, while dropping to lower values for SPI3.
The results indicate that a lag of more than three months between meteorological and hydrological droughts exists.
Among the remaining SPI-SHDI combinations, the correlation coefficient varies negligibly. Thus, all three SPI time scales (i.e., 6, 9, and 12) were considered in conjunction with one SHDI time scale. As a result, SPI6-SHDI1(t þ 1), SPI9-SHDI2(t þ 2), and SPI12-SHDI3(t þ 3) predictor-predictant combinations were selected as the candidates for further investigation. This implies that, for instance, in the case of SPI6-SHDI1(t þ 1), SPI6 (embodying precipitation of six months up to a given month t) was used to forecast the SHDI1 of the next month (t þ 1). The cross-correlation results in Figure 4 also verify the results in Table 7 .
For all copula functions in Table 2 , the observed value of Kendall's tau and the associated dependence parameter θ were estimated as presented in Table 8 . For SPI6 À SHDI1(t þ 1) and SPI9 À SHDI2(t þ 2) combinations, the Kendall's tau values were 0.385 and 0.373, respectively. Thus, there is no θ for Ali-Mikhail-Hag copula function which satisfies θ ¼ g À1 (τ n ). As a result, only four copulas remained for further analysis. The critical values and p-values reported in Table 8 were computed using 2,000 iterations within the parametric bootstrap procedure. Results indicated that at 0.05 level, only the Clayton copula was acceptable for the SPI6 À SHDI1(t þ 1) and SPI9 À SHDI2(t þ 2) combinations based on S n and T n statistics while other copulas were rejected. For the third combination, i.e., SPI12 À SHDI3(t þ 3), Clayton and Ali-Mikhail-Haq copulas were acceptable while other copulas were rejected. However, we selected the Clayton over the Ali-Mikhail-Haq copula due to higher p-value.
The contour plot of bivariate Clayton copula and scatter plots of the (SPI, SHDI) joint variables for different combinations are shown in Figure 5 . One can observe that the dependence structure of (SPI, SHDI) is similar to that of the Clayton copula. Also, the 3-D perspective plot of theoretical Clayton copula and the scatter plot of the joint SPI-SHDI combinations are drawn in Figure 6 , indicating an excellent fit. Therefore, based on Tables 9 and 10 . Based the curves corresponding to the meteorological drought states cover a wide range while the curves of wet states are very close or overlaid. This is due to the fact that SPI À0:5 will result in SHDI drought conditions in a wide range of probabilities while SPI ! 0:5 covers a narrow range of probability for SHDI ! 0:5. In general, it may be concluded that the case SPI À0:5 leads to hydrological drought state with a high probability, the case À0:5 < SPI < 0:5 leads to normal hydrological state with high probability, and the case SPI ! 0:5 leads to normal hydrological state with high probability and wet hydrological state with lower probability in all SPI-SHDI combinations.
In the next step, for better judgment and to prepare a management tool for water policy (decision) makers, the forecasted transition probability matrixes of SPI-SHDI combinations were extracted. First a 3 × 3 matrix showing the transition probability of SPI-SHDI drought-normal-wet conditions was extracted (Table 11 ). Decisions based on To examine the accuracy of the developed model, the probability of SHDI in different classes given an observed SPI class is presented in Table 11 . The observed and forecasted probability of class transition among all SPI-SHDI combinations matched well. For SPI6-SHDI1(t þ 1), the maximum difference between observed and forecasted probability of class transition is about 6%. For SPI9-SHDI2(t þ 2) and SPI12-SHDI3(t þ 3), the maximum difference is 9% and 8%, respectively. In general, it may be concluded that the copula model is capable of forecasting the class transition of drought appropriately with very minimum
error.
An extended transition probability matrix was extracted in which the SPI classes increased to nine while for the SHDI classes remained three (Table 12 ). The results in For other SPI classes, the probability of SHDI in normal state oscillates between 40% and 50% while the probability of SHDI in wet state is in the range of 11-50%. In all combinations, the probability of SHDI normal state will not exceed 50% given different SPI states. It is worth noting that for all combinations, the SPI drought state will be followed by the SHDI drought state with 40-95% probability. However, the SPI wet state will be followed by SHDI wet state with 38-50% probability, which implies that the impact of meteorological drought state on hydrological drought state is higher than that of the wet state. This may be due to the fact that the majority of the precipitation in the basin falls as rain rather than snow. The probability of SHDI in different classes, given the observed SPI class, matches well (more than 90%) with the forecasted probabilities (not reported).
A fully extended transition probability matrix, shown in Table 13 , was extracted based on Equation (17) while our approach is also capable of forecasting drought up to three months ahead. In other studies, to our knowledge, meteorological drought was not used as a predictor and drought classes were not forecasted.
Instead, the direct value of hydrological drought index was forecasted.
CONCLUSION
In this research, for the first time, the copula was adopted as a tool to forecast hydrological drought/wet states based on meteorological drought index as a predictor. First, SHDI and SPI at different time scales were calculated. SPI was calculated using precipitation of a number of meteorological stations. Then, using the kriging method, the time series of basin average SPI was determined. In the next step, the correlation coefficient and cross correlation between SPI and SHDI at different time scales were determined in order to select the best SPI-SHDI forecast combinations. Afterwards, the marginal distributions were determined for SPI and SHDI. Five Archimedean copulas were identified as candidates to fit the joint SPI-SHDI. The dependence parameter of these copulas was estimated using the inversion of Kendall's tau. Then, the conditional probability and the forecasted class transition matrix were calculated.
Findings show that copula functions are suitable tools for drought class transition forecasting. Also, based on the results, extreme and severe meteorological drought leads to hydrological drought with a high probability, while other classes of meteorological drought/wet conditions lead to normal hydrological state with less than 50% probability and to wet state with over 20% probability. This implies that the hydrological drought/wet state in the study basin is highly sensitive to the precipitation, such that even sustained meteorological wet condition may not guarantee hydrological wet condition occurring in the next months. It may depend on the type of precipitation in the basin. Most of the precipitation in the basin is rainfall, any variation of which in monthly rainfall can lead to immediate variation in hydrological dry/wet condition.
The findings are valuable for water resources management in the study basin due to the presence of several large hydropower dams downstream. The proposed methodology could be adopted in other basins with no specific limitation.
